Introduction {#sec1_1}
============

Despite a modern diagnostic workup, up to 30% of ischemic strokes and transient ischemic attacks (TIAs) remain without a definitive etiology and are defined as cryptogenic \[[@B1]\]. Approximately 25% of cryptogenic strokes (CSs) are caused by silent paroxysmal atrial fibrillation (AF) \[[@B2]\]. Cardioembolic strokes due to AF are especially severe and show the highest rates of mortality and permanent disability \[[@B3]\]. AF detection is, therefore, very important in order to optimize secondary prevention and reduce the risk of recurrent stroke. Continuous ECG monitoring shows higher AF detection rates than intermittent monitoring \[[@B4]\]. There is, however, no consensus regarding the optimal duration and timing of cardiac rhythm monitoring. Based on the detection rates of AF with insertable cardiac monitors from earlier studies \[[@B5]\], the identification of reliable biomarkers associated with AF would allow more targeted selection of patients for prolonged cardiac rhythm monitoring. To our knowledge, studies combining monitoring of CS and TIA patients with insertable cardiac monitors and the identification of AF-specific biomarkers from a broad spectrum of molecular biomarkers have not been performed.

Numerous cardiovascular biomarkers have been studied in relation to endothelial damage, coagulation, fibrosis, and inflammatory processes in AF \[[@B6], [@B7]\]. So far, the results have been conflicting \[[@B8], [@B9]\]. Further studies are required to address the clinical implications of cardiovascular biomarkers in the prediction of AF-related thromboembolism.

The purpose of this pilot study was to assess a panel of potential biomarkers to identify candidate markers associated with AF, and whether they can be used to discriminate patients with ischemic stroke due to AF.

Patients and Methods {#sec1_2}
====================

The study population consisted of 3 participant groups; 8 patients with ischemic stroke and 1 with TIA due to AF, 8 patients with ischemic stroke due to large artery atherosclerosis (LAA) with ipsilateral carotid stenosis, and 10 age- and sex-adjusted healthy blood donors as control group (Table [1](#T1){ref-type="table"}). Participants were enrolled at the Oslo University Hospital and Østfold Hospital Trust, Norway. Blood samples were collected from patients aged ≥18 years admitted for acute ischemic stroke or TIA due to AF within 7 days from the index stroke in the period from October 2015 until February 2017. From patients with ischemic stroke due to LAA, blood was collected and processed within 2 days after symptom onset as a part of an earlier carotid plaque study \[[@B10]\]. Control samples were collected in the same period \[[@B10]\]. Plasma derived from collected blood samples was stored at −80^o^C until further analyses.

Biomarker Analysis with the Olink Proteomics Technology {#sec2_1}
-------------------------------------------------------

Biomarkers were assessed by proximity extension assay using the Olink Proseek Multiplex CVD II and CVD III panels testing simultaneously 184 biomarkers (Olink Bioscience, Uppsala, Sweden) \[[@B11]\].

Gene Set Enrichment Analysis of Biomarkers {#sec2_2}
------------------------------------------

Gene set enrichment analysis (GSEA) \[[@B12]\] was applied to the Olink dataset against the Gene Ontology Consortium database (c5.all.v6.1) downloaded from MiSigDB (<http://www.broadinstitute.org/gsea/msigdb/>). Phenotype permutation for 1,000 times was used. Plasma concentrations of selected proteins from the ranked list were validated using commercially available ELISA kits (R&D Systems, Minneapolis, MN, USA).

Statistical Analyses {#sec2_3}
--------------------

The *t* test statistical approach was chosen to rank proteins and complete the GSEA analysis. Values of *p*\< 0.05 were considered significant.

For predictive modeling, R software (version 3.3.3) was used with several packages: CMA (version 1.24.0), randomForest (RF; version 4.6-14), ROCR (version 1.0.5), and Caret (version 6.0-80). Values below limits of detection (LOD) were substituted with LOD values in all data evaluations. An individual receiver operating characteristic (ROC) curve was performed before the construction of predictive modeling. An area under the ROC curve (AUC) \>0.85 was considered to be discriminative. An odds ratio based on logistic regression was performed for each variable. For building the class prediction models, the Classification for MicroArrays (CMA) package \[[@B13]\] with leave-one-out cross-validation, due to a low number of patients, was utilized. An RF model was used for analysis. The results based on the RF package were given as out-of-bag estimate (OOB), which is a method to measure the RF prediction error. All estimations were done on 80% of the data (training data), and 20% of the data were used for the model validation as test data; a stratified sampling method was used to select test and training data to represent all groups in the sets. The number of variables tried at each split was 14. Confusion matrices have been generated to assess the predictive performance of the model.

Results {#sec1_3}
=======

The characteristics of the 3 different groups of participants are presented in Table [1](#T1){ref-type="table"}. In the AF group, mean age was higher, as well as the number of women and patients with hypertension and coronary artery disease compared to the LAA group, while the LAA group had a male preponderance and more statin users than the AF group. Across all 27 samples, 177 of 184 biomarkers were detected in all samples.

GSEA was utilized to identify biological processes positively correlated with AF. Four gene sets were significantly enriched in the AF group based on the ranked protein list (Fig. [1a](#F1){ref-type="fig"}) with the gene ontology term "inflammatory response" being particularly strong. Interleukin (IL)-6, pentraxin-related protein PTX3, and growth differentiation factor (GDF)-15 were the top-ranked proteins. Spondin-1 (SPON1) and matrix metalloproteinase-9 (MMP-9) were also found at the top of the ranked list (Fig. [1b](#F1){ref-type="fig"}). To validate increased expression of the biomarkers, selected markers were subjected to ELISA (IL-6, PTX3, GDF-15, and urokinase plasminogen activator surface receptor \[U-PAR\]). All proteins were significantly elevated in the AF group compared to the other groups, except for IL-6 (Fig. [1c](#F1){ref-type="fig"}).

To distinguish patients with and without AF (LAA and control group together), individual AUCs were calculated to estimate the model accuracy for each biomarker; 19 proteins had AUC \>0.85, with GDF-15, PTX3, and U-PAR being the top 3 biomarkers (Fig. [2a](#F2){ref-type="fig"}). These individual AUC values were very discriminative, and GDF-15 alone reached an AUC of 0.95 (Fig. [2a](#F2){ref-type="fig"}). Additionally, after performing logistic regression and acquiring odds ratios to determine the evolution of the biomarkers between the 2 groups, 43 biomarkers had a significant evolution (*p* \< 0.05), including all of the biomarkers with individual AUC \>0.85 (Fig. [2b](#F2){ref-type="fig"}). Presented odds ratios represent the odds for AF if the biomarker level exceeds the cutoff value specific for each variable. The log2 values of odds ratios and confidence intervals together with the cutoff values for the biomarkers with individual AUC \>0.85 are presented in Figure [2b](#F2){ref-type="fig"}.

Giving the RF model results as OOB estimate, a model stratifying patients into groups was established. Estimated accuracy of the training data was 1.00 (95% CI 0.845--1.00) and 1.00 of the test data (95% CI 0.478--1.00). Sensitivities and specificities were 1.00 for each category, as all selected participants in the tested group were classified correctly. Biomarkers included in this model are listed in Figure [3](#F3){ref-type="fig"} which shows how the model accuracy changes after excluding different biomarkers from the model. The more important the biomarker is in the model, the higher is the mean decrease in accuracy after exclusion of the biomarker. The highest decrease is observed for GDF-15.

Discussion {#sec1_4}
==========

Several biomarkers were strongly associated with AF in this pilot study. A large number of proteins positively correlated to AF was discovered by GSEA with strong inflammatory responses in the AF group. The discriminating power of these biomarkers was further emphasized by their individual AUC, with GDF-15 displaying the highest value. The importance of this biomarker was implied in the RF model as well as the utility of combining multiple biomarkers for a good patient stratification. Our findings indicate that there are numerous biomarkers associated with AF in stroke patients that may potentially be useful for the detection of AF in CS and TIA patients. They also demonstrate that there is a possibility of using individual biomarkers, but their combined use is particularly important for the identification of AF patients. These findings are in line with those of other studies focusing on discovering biomarkers for both AF itself and cardioembolic stroke due to AF \[[@B6], [@B14]\].

The association between inflammation and AF has been shown in both animal models and human studies \[[@B7]\], demonstrating increased levels of inflammatory biomarkers such as high-sensitivity C-reactive protein, PTX3, IL-6 \[[@B15]\], as well as IL-27 \[[@B16]\]. It has been shown that high plasma levels of IL-6 are not just correlated with the presence and duration of AF but also with an increased left atrial diameter \[[@B17]\]. Furthermore, an association between inflammation and early AF recurrence has been observed in patients with short-lasting persistent AF \[[@B18]\]. GDF-15, a marker of fibrosis which is another important pathomechanism in AF, has been shown to be independently associated with paroxysmal AF \[[@B19]\]. MMP-9 also plays an important role in atrial structural remodeling and dilatation \[[@B20], [@B21]\]. Hemostatic markers such as the von Willebrand factor were also suggested as a prognostic biomarker for AF \[[@B6]\].

In line with previous studies \[[@B6], [@B15]\], the results of the present study support the hypothesis that a variety of molecular biomarkers can potentially be used as indicators of underlying AF in CS patients. In earlier studies, the relationship between AF and biomarker levels were mostly investigated by testing individual biomarkers \[[@B8], [@B22]\] or a specific biomarker selection based on their functional similarities \[[@B15]\]. To our knowledge, this is the first study using a multiple-biomarker approach in patients with stroke of different etiologies. Lind et al. \[[@B14]\] found multiple biomarkers, including GDF-15 and IL-6, to be associated with AF in a large cohort study but not in stroke patients. However, the biomarkers that were positively correlated with AF in our pilot study represent a heterogenic group of proteins with wide variety of functions. This includes not just participation in inflammation and fibrosis but also in immune responses, organ injury, aging, apoptosis, endothelial dysfunction, and thrombogenesis, demonstrating that AF is a multifactorial disease \[[@B23]\].

However, many of the biomarkers identified in our study have also been connected with noncardiac diseases \[[@B24]\]. As Piek et al. \[[@B24]\] demonstrated the challenge to find specific biomarkers of heart failure, we also suppose that the biomarkers investigated in our study are probably not AF or cardiac specific; they likely represent the different underlying pathological processes in AF \[[@B8]\]. As shown in our model, we suppose that the combination of different molecular biomarkers would probably increase their specificity for cardiac diseases, especially AF, even though the individual AUCs were also discriminative. We suppose that these results could be translated to cryptogenic stroke patients and be helpful to differentiate patients with occult AF. The ability of the best candidate biomarkers to correctly identify patients with underlying paroxysmal AF will be tested in the main study. This includes analyzing blood samples taken within 14 days after cryptogenic stroke or TIA and after 1 year of continuous cardiac rhythm monitoring with ICMs.

The weaknesses of this study are the small sample size and the different time to sampling after symptom onset. The different time to sampling may have caused some differences found between groups due to different kinetics of different biomarkers. However, the levels of most of the biomarkers associated with ischemic injury peak in the first days after stroke \[[@B25]\]. Underlying medical conditions, drugs, and other factors may as well have influenced the biomarker levels. However, this was an explorative study and adjusting for variety of possible confounders in such robust biomarker panels would not be able to perform. The major strengths of our study are the patient selection and the high precision and specificity of the method used to analyze the blood samples \[[@B11]\]. Even though proximity extension assay is well established in clinical research, it has not been widely used in stroke patients. We chose, therefore, ELISA to validate the increased expression of some chosen proteins.

Conclusions {#sec1_5}
===========

The current pilot study indicates that multiple proteins - either alone or in combination - may potentially be used as biomarkers for the detection of AF in CS and TIA patients and that simultaneous testing of multiple biomarkers is indicated for this purpose. In the ongoing NOR-FIB study (ClinicalTrials.gov identifier: NCT02937077), we plan further biomarker assessments using a larger group of patients with CS and TIA undergoing long-term cardiac rhythm monitoring with insertable cardiac monitors.
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![Gene set enrichment analysis (GSEA) of differentially expressed proteins in patients with atrial fibrillation (AF) compared to patients with large artery atherosclerosis (LAA) and healthy controls. The protein expression data were analyzed using GSEA. **a** Significantly enriched gene sets are shown. In every thumbnail, the enrichment score (ES) is plotted as a function of the position within the ranked list and is shown as a green line (top). Black bars indicate the position of the proteins within the ranked list. The ranked list metrics (gray) illustrate the correlation between the signal-to-noise values of all individually ranked proteins. **b** A heat map representation of the top 50 positively correlated proteins to the AF group. **c** Plasma concentrations of selected proteins (IL-6, PTX3, GDF-15, and U-PAR) were validated using ELISA (*n* = 7--18; ns, not significant; \* *p* \< 0.05, \*\* *p*\< 0.01, \*\*\* *p* \< 0.005,AF vs. LAA + controls). Means ± SEM.](cee-0010-0011-g01){#F1}

![Forest plots for individual area under the receiver operating characteristic (ROC) curve (AUC) values and odds ratios (ORs) for 19 biomarkers with AUC \>0.85. **a** Forest plot for AUC values with 95% confidence intervals (CIs). **b** Forest plot for the ORs with 95% CIs representing the odds of having AF if the level of the individual biomarker is over the cutoff value. Presented values are log2 transformed. Individual cutoff values for each biomarker are also shown.](cee-0010-0011-g02){#F2}

![Variable importance plot shows the weight of each biomarker in the model and how the accuracy of the model is affected after the exclusion of the biomarker from the model. The most important biomarkers in the model are listed on the top.](cee-0010-0011-g03){#F3}

###### 

Clinical characteristics of the test groups

                                      AF group (*n* = 9)   LAA group (*n* = 8)   Control group (*n* = 10)
  ----------------------------------- -------------------- --------------------- --------------------------
  Age, years                          74.4±7.5             63.4±12.8             63.1±8.4
  Males, *n* (%)                      3 (33.3)             5 (62.5)              5 (50)
  Current smoking, *n* (%)            2 (22.2)             2 (25)                0
  Hypertension, *n* (%)               6 (66.6)             4 (50)                −
  Diabetes mellitus, *n* (%)          2 (22.2)             3 (37.5)              −
  Coronary artery disease, *n* (%)    4 (44.4)             1 (12.5)              −
  Congestive heart failure, *n* (%)   2 (22.2)             0                     −
  Statin treatment, *n* (%)           3 (33.3)             5 (62.5)              −
  CRP, mg/L                           6.2±5.4              5.1±4.2               1.9±3.0
  Leukocyte count, ×10^9^/L           9.1±2.4              7.4±2.3               5.7±1.9
  Platelets, ×10^9^/L                 240±52               233±69                −
  Total cholesterol, mmol/L           4.7±0.8              3.9±1.2               5.8±0.7
  LDL cholesterol, mmol/L             2.9±0.7              2.2±1.1               3.8±0.9
  HDL cholesterol, mmol/L             1.2±0.3              1.4±0.5               1.8±0.4
  Triglycerides, mmol/L               1.2±0.4              1.6±0.9               1.3±0.7
  HbA~1c~, %                          6.2±0.7              6.0±1.3               5.3±0.4

Values are presented as numbers (%) or means ± SD. AF, atrial fibrillation; LAA, large artery atherosclerosis.
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